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Query-based Temporal Fusion with
Explicit Motion for 3D Object Detection

Jinghua Hou, Zhe Liu, Dingkang Liang, Zhikang Zou, Xiaoqing Ye, Xiang Bai



Temporal information is important for 3D perception in autonomous driving.
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Motivation Bai @EF

1. Existing methods either conduct temporal fusion based on the dense BEV features or sparse 3D

proposal features.

2. BEV-based methods do not pay more attention to foreground objects, leading to more

computation costs and sub-optimal performance.

3. Proposal-based methods implement time-consuming operations to generate sparse 3D proposal

features, and the performance is limited by the quality of 3D proposals.



How to do?

Query is a better representation for temporal modeling.
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Why? Bai @EF

1. On the one hand, the query-based representation is sparse and can effectively aggregate the

foreground object information by attention operation.

2. On the other hand, the query-based format is more efficient due to getting rid of complex 3D

Rol operations and is less sensitive to 3D object of size and orientation than proposal-based

representation.



Contribution

1. We propose a new temporal fusion method called QTNet for 3D object detection based on
sparse query-based feature representation, which is more effective and efficient than BEV-based
and proposal-based manners.

2. We propose the MTM module, which can be plugged into LIiDAR-only or multi-modality 3D

detectors and boost their performance with negligible computation cost and latency.
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Problem Balebﬁr

However, the temporal modeling based on query representation is non-trivial to work well.
Problem: The standard cross attention with position embedding is not work well.

Solution: Adopt the explicit motion of objects for temporal modeling.



Architecture
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QTNet consist of a detector, a memory bank, and a MTM modaule.



MTM
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We utilize the aligned location of objects in previous frame and current frames for caculating the

euclidean distance.




Cross Attention vs MTM
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The attention map (a) generated by cross attention is ambiguous. The attention map (b) generated

by MTM is more discriminative than cross attention.



Results

Table 1: Comparison with state-of<the-art methods on the nuScenes validation set. The L and C
represent LIDAR and camera, respectively. The column of Frames denotes the number of key frame.
* denotes our reproduced results. T denotes future information is used.

Method | Year | Modality | Frames | Backhbones | mAPH NDSt
MVP [51] NeurlPS 3021 LC 1 DLAZ4 & VoxelNet 67.1 TOE
AutoAlignVI [#] ECCV 1022 LC 1 CSFNet & VonelNet a7.1 712
TransFusion [] CVFR 2022 Lc 1 RS0 & VoxelNet 67.5 713
BEVFusion [ 2] NeurlPS 2022 LC 1 Swin-Tiny & VoxelNet | 679 710
Deeplnteraction [47] | NewrlPS 3022 LC 1 E50 & VoxelNet 699 714
BEVFusion [ 2#] ICRA 2023 LC 1 Swin-Tiny & VoxelNet | 685 714
MSMDFusion [ 15] CVPR 2023 LC 1 RS0 & VoxelNet 693 711
CMT [+4] ICCV 2023 LC 1 V2499 & VoxelNet 703 729
TransFusion® [7] | CVPR2022 | LC I | RS0& VoxelMNet a7.1 707
+)TNet - LC 4 RS0 & VoxeMNet 6E5 7146
Deeplntemction® [47] | NewrlPS 3022 | LC I | R50& VoxelMet 099 726
+(JTNet - LC 4 RS0 & VoxelNet T3 734
CenterPoint [517] CVPR 2021 b 1 VoxelNet 596 668
TransFusion-L [ ] CVPR 2022 L 1 VoxelNet 651 701
INT [+7] ECCV 2022 B 1] VoxelNet 6LE 673
LidarfuliMet [45] AAAL 203 L 1 VoxelNet 638 095
Vol NeXt [ 7] CVPR 2023 b 1 VoxelNet 60 671
LargeKernel 30 [1] CVPR 2023 L | Vorel-LargeKemel3D | 633 691
LinK [ 1] CVPR 2023 I 1 Vomel-LinK 636 695
MGTANet [ (1] AAAL X L 3 VoxelNet 629 687
MGTANett [10] AAAT X023 I: 3 VoxelNet 648 706
TransPusion-L* [1] | CVPR222 | L (I VoxelNet 65.0 700
+JTNet - 3 VoxelNet 66.3  TO8
+(JTNet - L 4 VoxelNet 665 708

Table 2: Comparison with state-pf-the-art methods on the nuScenes test set. + denotes future

information is used.

Method | Year | Modality | Frames | Backbones | mAPT NDST
CenterPoint [50] CVPER 2021 I 1 VoxelMet 60.3 67.3
TransFusion-L [ ] CVPR 2022 L 1 VoxelMet 65.5 T0.2
VISTA [10] CVPR 2022 L 1 VoxelMet 63.7 TO.4
LidarMuliMet [5] | AAATN23 L 1 VoxelMet 67.0 716
VoxelNe Xt [7] CVPR 2023 L 1 VoxelMet 645 T0.0
LargeKernel3D [0] | CVPR 2023 L 1 Vimel-LargeKernel3D | 653 T0.5
Linkl [ %] CVPR 2023 L 1 Viel-Link 66,3 7LD
IDVIDE [19] TEAMI 221 L 3 VoxelMet 654 T4
MGTANetd [16] AAATN23 L 3 VoxelMet 654 1.2
QTHNet - T 3 VoxelMet 68.2 T2.0
QTMet - L 4 VoxelMel 68.4 T22




Results

Table 3: Comparison of computation cost and latency on the nuScenes validation set. * denotes our
reproduced results. The FLOPs and Latency are tested on a single NVIDIA RTX 4090 GPU with the
batch size of 1.

Method | Modality | mAP (%)t NDS (%)T | FLOPs (G)| | Latency (ms)] | Params (M)

TransFusion®* [] LC 67.1 70.7 4459 2012 37.0

+QTNet LC 68.5 71.6 4464 201.7 37.7

Deeplnteraction® [47] L.C 69.9 726 4092 3550 578

+QTNet LC 703 73.1 499.7 361.5 58.5

TransFusion-L* [] L 63.0 70.0 90.7 1382 8.3

+QTNet L. 66.5 70.9 90.8 1447 8.6
Method | Year | Modality | Frames | Resolution NDS | mATE | mASE | mAOE | mAVE | mAAE
CAPE" [4 CVPR 202 | C 1 T4 x 256 R50 275 359 | 0.79%4 | 0.286 0.642 0.847 0.215
+MTM | C 2 704 x 256 R50 316 438 | 0.752 0277 | 0558 | 0438 | 0.182
CAPE" [4 VPR 2023 C 1 800 x 320 V2-99 397 463 | 0693 | 0.270 0.438 0.747 0.206
+MTM C 2 800 x 320 V2-99 439 536 | 0.656 0266 | 0380 | 0350 | 0.183




Visualization

Figure 8: Comparison of LIDAR-only baseline TransFusion-L (a) and QTNet (b) along the temporal

dimension. The ego vehicle is moving from bottom to top.
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